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Abstract 
Upon entering a store, consumers are faced with the questions of whether to buy, what to buy, and how much to buy. 
Consumers include products from different categories in their decision process. Product categories can be related in 
different ways. Product bundling is a process that involves the choice of at least two non-substitutable items. In this 
research, the consumers’ explicit product bundling activity at the point of sale is focused.
We focuses on the retailers’ perspective and therefore leaves out consumers’ brand choice decisions, concentrating on 
purchase incidence and quantity. At the base of the current model of the exist researches, we integrate behavioural 
choice analysis and predictive choice modelling through the underlying behavioural models, called random utility 
maximization (RUM) models. 
The methodological contribution of this research lies therein to combine a nested logit choice model with a latent 
variable factor model. 
We point out several limitations for both theory and practice at the end. 
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1. Introduction 
Upon entering a store, consumers are faced with the questions of whether to buy, what to buy, and how 
much to buy. Consumers include products from different categories in their decision process. Product 
categories can be related in different ways. Russell et al. (1999) and Shocker et al. (2004) distinguish 
between cross-category consideration, cross-category learning and product bundling. Via these 
connections information from multiple categories can enter the decision process at various points. Product 
bundling is a process that involves the choice of at least two non-substitutable items (Russell et al., 1999). 
Market basket analysis as a new application in the product bundling literature ''[...] is a generic term for 
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models which predict the choice of a bundle (or basket) of multiple items during a single shopping 
occasion'' (Russell et al., 1997, p. 300). In this research, the consumers’ explicit product bundling activity 
at the point of sale is focused. 
Manufacturers, retailers and marketing researchers are interested in analysing choice processes and 
predicting consumers' choice behaviour. Psychological research in the sense of behavioural choice 
analysis focuses on revealing specific features of choice behaviour. Whereas predictive choice models in 
marketing research have traditionally presented an individual’s choice process as a black box, in which 
the inputs are the attributes of available alternatives and individual characteristics, and the output is the 
observed choice.  
The objective of this research is to integrate behavioural choice analysis and predictive choice 
modelling. Ben-Akiva et al. (1998) emphasize the need for further investigations in integrating latent 
variable and choice models by, for instance, including goals in the framework. Particularly purchase 
decisions on the category level are strongly dependent on consumers’ goals. Even if Ratneshwar et al. 
(1996) explain the impact of consumer goals on product choice, the relationship between consumers' 
goals and purchase decisions still has a research deficit (Paulssen & Bagozzi, 2005). Empirical studies on 
the effects of consumption goals on consumer behaviour are limited on early stages of the decision 
process and on an exploratory framework (Ligas, 2000). Publications on cross-category consideration and 
product bundling discuss the necessity of a context-specific view on product utility, at which consumption 
goals determine the choice behaviour (Russell et al., 1999). This research aims to build on the growing 
body of evidence that suggests consumer goals affect utility judgements (Bettman et al., 1998; Heath et 
al., 1999; Chernev, 2004) and to build a bridge between unobservable consumer goals linked to the 
internal process of consumers' cross-category consideration set formation and the observable external 
product bundling process. This gap exists because discrete choice modellers focus on mapping inputs to 
the decision, while behavioural researchers aim to understand the nature of how decisions come about, or 
the decision process itself (Walker, 2001). 
This research focuses on the retailers’ perspective and therefore leaves out consumers’ brand choice 
decisions, concentrating on purchase incidence and quantity. As retailers want to maximize store profit, it 
is important for them to know the interdependencies between product categories regarding promotional 
spill-over. But when it comes to implementing marketing-mix activities, the question of 
interdependencies between marketing instruments and latent variables like consumers’ goals and attitudes 
arises. How should retailers ideally combine the standard marketing mix instruments with a possible goal-
setting strategy to stimulate multi-category purchases? 
Recent publications have underlined the importance of the explicit treatment of psychological factors 
affecting decision-making (e. g. Ben-Akiva et al., 1999 & 2002). The incorporation of psychological 
factors leads to a more behaviourally realistic view on the choice process, and thus, a better understanding 
of behaviour and improvements in prediction. The integration of unobservable aspects of consumer 
behaviour into choice modelling via latent variables has been widely neglected. 
The questions of whether, what, and how much to buy have been discussed by many researchers. 
Earlier publications examine these questions within a single product category (e. g. Bucklin & Lattin, 
1991; Chintagunta, 1993). The lack of consideration of cross-category dependencies in choice models 
leads to biased estimates, misinterpretations, and therefore potential misleading marketing decisions 
(Silberhorn & Boztuğ, 2005). Recently, simultaneous modelling of various purchase decisions and multi-
category choice has been picked out as a central theme (e. g. Song & Chintagunta, 2004; Niraj et al., 
2005). All of these publications try to explain consumers’ choice by implemented marketing instruments. 
Boztuğ & Silberhorn (2006) give a broad overview of publications on multi-category purchase decisions.  
Behavioural science approaches in the field of categorization, which are based on a latent goal-
oriented category classification, offer a theoretical reference frame for cross-category consideration. In a 
goal-derived category combined products are perceived as potential substitutes or complements to satisfy 
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specific needs (Barsalou, 1991; Ratneshwar & Shocker, 1991). Nominal product categories as defined by 
manufacturers and retailers do not have to correspond to the individual and situational goal-derived 
categories (Ratneshwar et al., 2001). Products within a nominal category share attributes that can be 
assigned independent of context and person. Whereas products within a goal-derived category share 
attributes that can only be developed context-specific (Felcher et al., 2001). Bettman & Sujan (1987) and 
Park & Smith (1989) transferred the behavioural approach of goal-derived categories to issues in 
marketing research and analysed cross-category choice decisions. Goal-derived categories can be an 
explanation for interdependencies between different nominal product categories (Bettman & Sujan, 1987). 
They offer a theoretical reference frame for analysing cross-category choice behaviour (Paulssen & 
Bagozzi, 2005). The cognitions of Felcher et al. (2001) support the hypothesis that in unknown and 
unfamiliar choice situations consumers tend to build consideration sets consisting of different nominal 
product categories. Ratneshwar et al. (1996) state that goal ambiguity leads to a high cross-category 
consideration. Goal ambiguity may be the outcome of low involvement in a purchase situation or variety-
seeking tendencies. It is also possible that lack of product expertise is an important contributor to goal 
ambiguity. 
2. Research Method 
Two types of discrete choice modelling methods are to be integrated in one framework: choice model 
and latent variable model (Figure 1). The impact of consumers’ goals on product bundling decisions is 
integrated in this framework via a latent variable model. The methodology requires the estimation of an 
integrated multi-equation model consisting of a discrete choice model and the latent variable model’s 
structural and measurement equations. Walker (2001) presents a framework for integrating latent 
variables into choice models. While the latent constructs are unobservable, their effects on indicators are 
observable. The indicators allow identification of the latent constructs and also contain information, thus 
potentially provide for increased efficiency in model estimation (Ben-Akiva et al., 1999). 
Figure 1: Integrated Choice and Latent Variable Model  
Choice model and latent variable model each consist of one or more structural equations and one or 
more measurement equations. The structural equation for the latent variable model requires the 
distribution of the latent variable given the observed variables, e. g. 
( )* ;X h X γ η= + , 
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and the structural equation for the choice model requires the distribution of the utilities, e. g. 
( )*, ;U V X X β ε= + . 
The latent variable model measurement equations demand for the distribution of the indicators 
conditional on the values of the latent variables, e. g. ( )*, ;I g X X α ν= +
, 
and the choice is expressed as a function of the utilities, assuming utility maximization, 
{ }1,  if max
0,  otherwise            
i jj
U U
y
⎧ =⎪= ⎨
⎪⎩ . 
Discrete choice models are interpreted in terms of underlying behavioural models, called random 
utility maximization (RUM) models. Both characteristics of the decision maker and the alternatives 
determine the utilities. To overcome the issue of proportional substitution patterns (IIA) in the standard 
logit approach, the nested logit approach is chosen (Train, 2003; Ben-Akiva & Lerman, 1985). It has 
predominantly been used in the field of transportation research, but is also applicable to marketing issues 
(Ailawadi & Neslin, 1998; Chintagunta & Vilcassim, 1998; Ngobo, 2005). The nested logit model is the 
most commonly applied hierarchical model in marketing (Suárez et al., 2004) and can be used to model 
any situation where subsets of the alternatives share unobserved utility components (Ben-Akiva & 
Lerman, 1985). Silberhorn et al. (2006) indicate the issue of two existing nested logit model 
specifications and show the differences regarding model estimation. 
One important point to make is that a nested logit model is a set of linked standard logit models. The 
entire purpose in creating a nested form is to accommodate violation of IIA. It has nothing to do with any 
behavioural belief that alternatives are assessed in the process of making a choice. Nesting creates a set of 
marginal choices, i. e. choice of nest m, and a set of conditional choices, i. e. choice of alternative i given 
choice of nest m, (Hensher et al., 2005). 
( ) ( )| | |im m i m m m i m i mU U U V Vε ε= + = + + +  
The probability Pim to choose an alternative im is the product of the probability Pm to choose nest m 
and the probability Pi|m to choose alternative i within nest m. 
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The scale parameters λ and μ describe the variances of the unobserved utility components and account 
for the fact that the error components do not necessarily have the same distribution. The errors εi|m are 
identically and independently distributed (iid) Gumbel with scale parameter μ, and the composite errors 
εim = εm + ε*i|m are distributed such that the sum of Um and the maximum of Ui|m is distributed with 
scale parameter λ (Ben-Akiva & Lerman, 1985). 
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The methodological contribution of this research lies therein to combine a nested logit choice model 
with a latent variable factor model. The purchase incidence and quantity decisions are modelled via a 
two-level nested logit model (Silberhorn & Boztuğ, 2005; Figure 2) and the impact of consumers’ goals 
on the selection of a bundle of products from different categories is to be expressed via several observable 
indicators. 
 
Figure 2: Two-Level Nested Logit Model 
3. Results 
Up to now, the discrete choice model component of the integrated choice framework (Silberhorn & 
Boztuğ, 2005), especially the nested logit approach (Silberhorn et al., 2006), and the product bundling 
research (Boztuğ & Silberhorn, 2006) have been broadly investigated. The next step in this research is to 
account for the latent construct of consumers’ goals or goal ambiguity respectively and integrate it within 
the discrete choice model. The implementation will need adequate care and the application will be 
computationally intensive. Additionally it might be difficult to find good indicators that sufficiently 
explain the latent variable. And even if one can define good causal variables, these types of data may not 
be available (Ben-Akiva et al., 1999). 
References 
 [1]Ailawadi, K. L., Neslin, S. A. (1998): The Effect of Promotion on Consumption: Buying More and Consuming It Faster. 
Journal of Marketing Research 35(3), 390-398 
[2]Barsalou, L. W. (1991): Deriving Categories to Achieve Goals. The Psychology of Learning and Motivation 27, 1-64 
[3]Ben-Akiva, M., Lerman, S. R. (1985): Discrete Choice Analysis: Theory and Application to Travel Demand. The MIT Press, 
Cambridge/Massachusetts 
[4]Ben-Akiva, M., Walker, J., Bernardino, A. T., Gopinath, D. A., Morikawa, T., Polydoropoulou, A. (1998): Integration of 
Choice and Latent Variable Models. Paper presented at the American Marketing Association ART Forum, Keystone/CO 
Wang Haijun / Physics Procedia 24 (2012) 1152 – 1158 1157
Author name / Physics Procedia 00 (2011) 000–000 
 
[5]Ben-Akiva, M., McFadden, D., Gärling, T., Gopinath, D., Walker, J., Bolduc, D., Börsch-Supan, A., Delquié, P., Larichev, O., 
Morikawa, T., Polydoropoulou, A., Rao, V. (1999): Extended Framework for Modeling Choice Behavior. Marketing Letters 10(3), 
187-203 
[6]Ben-Akiva, M., McFadden, D., Train, K., Walker, J., Bhat, C., Bierlaire, M., Bolduc, D., Börsch-Supan, A., Brownstone, D., 
Bunch, D. S., Daly, A., de Palma, A., Gopinath, D., Karlstrom, A., Munizaga, M. A. (2002): Hybrid Choice Models: Progress and 
Challenges. Marketing Letters 13(3), 163-175 
[7]Bettman, J. R., Sujan, M. (1987): Effects of Framing on Evaluation of Comparable and Noncomparable Alternatives by 
Expert and Novice Consumers. Journal of Consumer Research 14, 141-154 
[8]Bettman, J. R., Luce, M. F., Payne, J. W. (1998): Constructive Consumer Choice Processes. Journal of Consumer Research 
25(3), 187-217 
[9]Boztuğ, Y., Silberhorn, N. (2006): Modellierungsansätze in der Warenkorbanalyse im Überblick. Working Paper, Humboldt 
University Berlin 
[10]Bucklin, R. E., Lattin, J. M. (1991): A Two-State Model of Purchase Incidence and Brand Choice. Marketing Science 10(1), 
24-39 
[11]Chernev, A. (2004): Goal-Attribute Compatibility in Consumer Choice. Journal of Consumer Psychology 14(1&2), 141-150 
[12]Chintagunta, P. K. (1993): Investigating Purchase Incidence, Brand Choice and Purchase Quantity Decisions of Households. 
Marketing Science 12(2), 184-208 
[13]Chintagunta, P. K., Vilcassim, N. J. (1998): Empirical implications of unobserved household heterogeneity for manufacturer 
and retailer pricing. Journal of Retailing and Consumer Services 5(1), 15-24 
[14]Felcher, E. M., Malaviya, P., McGill, A. L. (2001): The Role of Taxonomic and Goal-Derived Product Categorization in, 
within, and across Category Judgements. Psychology & Marketing 18(8), 865-887 
[15]Heath, C., Larrick, R. P., Wu, G. (1999): Goals as Reference Points. Cognitive Psychology 38(1), 79-109 
[16]Hensher, D. A., Rose, J. M., Greene, W. H. (2005): Applied Choice Analysis. Cambridge Univ. Press 
[17]Ligas, M. (2000): People, Products, and Pursuits: Exploring the Relationship between Consumer Goals and Product 
Meanings. Psychology & Marketing 17(11), 983-1003 
[18]Niraj, R., Padmanabhan, V., Seetharaman, P. B. (2005): A Cross-Category Model of Households’ Incidence and Quantity 
Decisions. Working Paper, Rice University, Houston/Texas 
[19]Park, C. W., Smith, D. C. (1989): Product-Level Choice: A Top-Down or Bottom-Up Process? Journal of Consumer 
Research 16(3), 289-299 
[20]Paulssen, M., Bagozzi, R. P. (2005): A Self-Regulatory Model of Consideration Set Formation. Psychology & Marketing 
22(10), 785-812 
[21]Ratneshwar, S., Barsalou, L. W., Pechmann, C., Moore, M. (2001): Goal-Derived Categories: The Role of Personal and 
Situational Goals in Category Representations. Journal of Consumer Psychology 10(3), 147-157 
[22]Ratneshwar, S., Pechmann, C., Shocker, A. D. (1996): Goal-Derived Categories and the Antecedents of Across-Category 
Consideration. Journal of Consumer Research 23, 240-250 
[23]Ratneshwar, S., Shocker, A. D. (1991): Substitution in Use and the Role of Usage Context in Product Category Structures. 
Journal of Marketing Research 28, 281-295 
[24]Russell, G. J., Bell, D., Bodapati, A., Brown, C. L., Chiang, J., Gaeth, G., Gupta, S., Manchanda, P. (1997): Perspectives on 
Multiple Category Choice. Marketing Letters 8(3), 297-305 
[25]Russell, G. J., Ratneshwar, S., Shocker, A. D., Bell, D., Bodapati, A., Degeratu, A., Hildebrandt, L., Kim, N., Ramaswami, 
S., Shankar, V. H. (1999): Multiple-Category Decision-Making: Review and Synthesis. Marketing Letters 10(3), 319-332 
[26]Shocker, A. D., Bayus, B. L., Kim, N. (2004): Product Complements and Substitutes in the Real World: The Relevance of 
„Other Products“. Journal of Marketing 68, 28-40 
[27]Silberhorn, N., Boztuğ, Y., Hildebrandt, L. (2006): Softwarespezifische Besonderheiten bei der Schätzung mit dem Nested 
Logit Modell. Working Paper, Humboldt University Berlin 
[28]Song, I., Chintagunta, P. K. (2004): A Discrete/Continuous Model for Multi-Category Purchase Behavior of Households. 
Working Paper, Hong Kong University of Science and Technology 
1158  Wang Haijun / Physics Procedia 24 (2012) 1152 – 1158
Author name / Physics Procedia 00 (2011) 000–000 
 
[29]Suárez, A., del Bosque, I. R., Rodríguez-Poo, J. M., Moral, I. (2004): Accounting for heterogeneity in shopping centre 
choice models. Journal of Retailing and Consumer Services 11, 119-129 
[30]Train, K. E. (2003): Discrete Choice Methods with Simulation. Cambridge Univ. Press 
[31]Walker, J. L. (2001): Extended Discrete Choice Models: Integrated Framework, Flexible Error Structures, and Latent 
Variables. Ph.D. thesis, Massachusetts Institute of Technology 
 
